This paper summarizes the recent evidence on global poverty and inequality, including both developed and developing countries. It draws on two main compilations of distributional data created at the World Bank, both of which are built up from country-specific nationally representative household surveys, generally fielded by national statistical offices. First is the PovcalNet data set, which comprises some 560 surveys for 100 low and middle-income countries, representing some 93% of the developing world's population. 2 Where necessary, the PovcalNet data set is complemented with information from the World Development Report 2006 household survey database, which has a somewhat broader geographical coverage (including many developed countries), but a more limited time-span.
In the first part of the paper we discuss our poverty and inequality data and present evidence on levels and recent trends in poverty and inequality around the world. Global and regional poverty aggregates are also discussed here. Section 2 turns to the issues involved in aggregating inequality indices across countries, in order to construct a meaningful measure of global inequality. It reviews the main results from the literature that has sought to measure global income inequality, and briefly summarizes some of the evidence on global inequalities in health and education. Section 3 discusses the empirical relationship between economic growth, poverty and inequality dynamics.
Here we present what we see as the three key stylized facts to emerge from these data: the absence of a correlation between growth rates and changes in inequality among developing countries; the strong (positive) correlation between growth rates and rates of poverty reduction, and the importance of inequality to that relationship. In Section 4, in a more speculative mode, we turn to the likely economic determinants of poverty and inequality changes. Section 5 offers some conclusions, and points to some promising research themes within this general topic.
Poverty and inequality around the world: A bird's eye view
There has been a remarkable expansion in the availability of household surveys in developing countries over the last 25 years. These surveys, which are typically designed and fielded by national statistical agencies, have the measurement of living standards in the population as one of their key objectives. Although clearly there are measurement errors in such data, it is also widely accepted that these data represent the best available source of information on the distribution of living standards for any country where they have been conducted.
Our poverty and inequality measures are constructed for the distributions of household income or consumption per capita, as captured by these surveys. This choice of indicator prompts three caveats. First, by focusing on income or consumption, we end up effectively taking a one-dimensional approach to measuring welfare. It would clearly be desirable to include other important dimensions of welfare not already included in consumption or income (at least directly), such as health status, cognitive functioning, civil and personal freedoms and environmental quality. 3 Even short of a fully multidimensional approach to welfare, it might well be desirable to include in the aggregate indicator of well-being some measure of the value of access to public and publicly provided goods (such as education and health services, personal security, and access to local infrastructure). But extending welfare measurement in either of these two directions in a manner that allows international comparisons is impossible on the basis of the information available to date. We therefore restrict our attention to the narrow realm of people's ability to consume private goods, as measured by their income or consumption expenditures.
Second, income is not the same thing as consumption. Although over the long-run consumption should come quite close to permanent income (except for the limited number of lineages where bequests are important), there can be considerable deviations in the short run, as households either save or dissave. Consumption is thus generally considered a better measure of current welfare than income. 4 In addition, and perhaps of greater practical importance, the questionnaires for income and consumption are perforce quite different, and yield different types of measurement error; see Deaton (1997) . As a result of both higher measurement error and of the variance of the transitory component 5 , income inequality tends to be higher than inequality in consumption expenditures in a given distribution. In the description that follows, we use 3 The Human Development Index (HDI) is a well-known example of how one can construct an aggregate index that combines income and certain "non-income" dimensions of welfare. The HDI does not directly reflect inequality within countries and also imposes some questionable aggregation conditions (including trade offs); for further discussion see Ravallion (1997) . Grimm et al. (2006) provide an ambitious attempt to differentiate the HDI by income groups. 4 It is sometimes claimed that this argument carries less weight in developed countries, but for a counter argument see Slesnick (1998) . 5 There tend to be more people dissaving than saving at the bottom of the distribution, and more people saving than dissaving at the top.
consumption distributions to construct our poverty and inequality measures wherever possible.
Only when consumption data are unavailable in the survey do we report income-based indicators. The type of indicator is noted for each country in Table 1 .
Third, by looking at the distribution of income or consumption per capita, we are effectively making two strong assumptions, neither of which is likely to hold perfectly. First, we ignore intra-household inequality. Following common practice, such inequality is simply assumed away from our computations. Secondly, even if one is forced to use a single indicator for each household, it is not clear that the per capita definition is the most appropriate. There are differences in needs across age groups (and possibly genders), and there may well be certain fixed costs or "household public goods" that generate economies of scale in consumption at the household level. 6 Both of these considerations have led many analysts to use some measure of "equivalent income" as their welfare indicator for each household. However, these variables turn out to be quite sensitive to the different assumptions made in identifying specific equivalence scales from observed demand behavior, and there is no agreement on which particular scale should be used. 7 There is likely to be more agreement, in fact, with the statement that different scales may be appropriate for different settings (such as, say, South Korea and Togo). All this implies that seeking to introduce sensitivity to household size and composition in the context of international comparisons is, given the present state of knowledge, likely to contribute to less, not more, clarity.
Having agreed on the choice of welfare indicator, the next challenge is the aggregation of the national distributions into scalar poverty or inequality indices. This is a much easier problem in the case of relative inequality measures that are, by construction, scale-invariant. 8 Since these measures do not depend on mean incomes or on the currency in which income is expressed, a number of vexing issues to do with Purchasing Power Parity (PPP) exchange rates and with the relevance of national account means to welfare measurement (to which we return below when discussing poverty measures) can be safely ignored. The inequality indices reported in Table 1 are therefore simple Gini indices and mean log deviations (MLD), computed over the original distribution of household consumption (or income) per person in each country's nominal 6 See Lanjouw and Ravallion (1995) . 7 See Coulter, Cowell and Jenkins (1992) . 8 Absolute inequality measures, which may well be relevant for the discussion of global trends, are scale-sensitive. We return to absolute measures of inequality in Section 2 below.
currency, in each year. Unlike the Gini index, MLD is additively decomposable into betweengroup and within-group inequality components (Bourguignon, 1979) .
Absolute poverty measures, on the other hand, summarize the extent of deprivation in a distribution with respect to a specific welfare threshold, given by the poverty line. This implies that scale matters, and so does the choice of mean (e.g. mean income from a household survey, or GDP per capita) and exchange rate when making inter-country comparisons or aggregations.
It has been argued that misreporting of incomes in household surveys would justify scaling up the income distribution so that its mean equaled per capita consumption in the Private Consumption account in the National Accounts System (NAS). 9 But such an approach ignores the fact that the Private Consumption account includes components of institutional consumption as well as personal consumption, which could introduce a systematic overstatement of household welfare levels. Things are even worse if the scaling up is to GDP per capita itself, rather than only to per capita consumption from the NAS.
In addition, in economies with substantial subsistence agriculture and other forms of production for own consumption, it is not clear that the national accounts system provides a more accurate portrayal of real consumption than the surveys, which typically include information on consumption from own production at the household level. Finally, it is unlikely that income under-reporting or selective compliance in surveys is distribution-neutral. 10 If richer households under-report more than middle-income or poorer households, then the uniform re-scaling that is proposed would result in an unwarranted under-estimation of poverty. It appears likely that richer households are also less likely to participate in surveys. This has theoretically ambiguous implications for inequality, although there is evidence (for the US) that it entails a non-negligible underestimation of overall inequality (Korinek et al., 2006) . In what follows we do not use National Accounts information to re-scale mean incomes or consumption from the surveys (although NAS data are used in the interpolation method of Chen and Ravallion, 2004 , which is used for "lining up" household surveys with the reference years used in Tables 2 and 3) .
In this paper, we report poverty measures with respect to the World Bank's "standard"
international poverty line of about $1 a day (or, more precisely, $32.74 per month, at 1993 international PPP exchange rates). 11 This is a deliberately conservative definition of "poverty,"
being anchored to the poverty lines typical of low-income countries. It is also one that has acquired considerable currency in international policy discussions: The first Millennium Development Goal (MDG1), for example, is to halve the 1990s "$1 a day" poverty rate by 2015.
To gauge sensitivity, we also use a line set at twice this value, $65.48 per person per month.
Following common practice we refer to these as the "$1 a day" and "$2 a day" lines ($1.08 and $2.15 would be more precise). The higher line is more representative of what "poverty" means in middle-income developing countries.
These international lines are converted to local currencies using the Bank's 1993 PPP exchange rates for consumption, and each country's consumer price index (CPI). PPP exchange rates adjust for the fact that non-traded goods tend to be cheaper in poorer countries. There is more than one way to calculate PPP exchange rates. The Geary-Khamis (GK) method used by the Penn World Tables (PWT) uses quantity weights to compute the international price indices. Once the international poverty lines have been appropriately converted into local currency, and local CPI has been used to inflate the line to the nominal currency of the survey year, poverty measures are calculated for each survey year. Naturally, different countries do not all field their household surveys (which are rarely annual) in the same year. In Table 1 , we report the year(s) in which the latest surveys available to us were conducted in each country, and report poverty measures for those years. In Tables 2 and 3 , where we seek to describe regional and global poverty aggregates, the poverty measures are lined up in time for each of a set of "reference years" using the interpolation method described in Chen and Ravallion (2004) .
which gives the proportion of the country's population that live in households with per capita incomes below the poverty line. Other measures are the poverty gap index (PG), which gives the average shortfall of income from that line, where the average is taken over the entire population (with the gap set to zero for incomes higher than the poverty line); the squared poverty gap index (Foster et al., 1984) ; and the Watts (1968) index. The latter two measures penalize inequality amongst the poor, and so are better at picking up differences in the severity of poverty.
PovcalNet provides all these measures. In some of the discussion, we also multiply H by the country's population, to yield the absolute number of poor people. The range of inequality measures across the 130 countries in Table 1 is very large indeed.
The Gini index ranges from 0.20 in the Slovak Republic, to 0.74 in Namibia. The MLD ranges from 0.12 in Hungary to 0.71 in Bolivia using data for the 2000s; using data for the 1990s, the range is from 0.07 in Slovak Republic to 1.13 in Namibia. In terms of country groupings, the high-income economies (including the OECD) and Eastern Europe and Central Asia (ECA) record the lowest inequality measures, and Sub-Saharan Africa (SSA) and Latin America and the Caribbean (LAC) have the highest. The predominance of measures using income, rather than consumption, in LAC is a contributing factor to the high inequality measures for that region. The high-level of inequality in SSA thus deserves special mention, as many of the indices refer to distributions of consumption expenditures. The commonly-held view that LAC is unambiguously the most unequal region in the world needs to be qualified accordingly. Table 1 . The figure reveals a negative correlation between inequality and mean incomes (measured by GDP per capita). The correlation coefficient is -0.44
(statistically significant at the 1% level). In addition, the variance of inequality is higher among 13 An extended version of as being in the range (-2.5%, 2.5%). These numbers are consistent with a perception of rising within-country inequality, but we caution against over-interpreting results in a selected sample of some 50 countries for which data was available on both periods.
The situation is somewhat different with regard to poverty: there is even greater variation in levels, the correlation with mean incomes is more pronounced, and there is a clearer pattern in the recent changes. Two important facts can be gleaned from Figure 2 , which plots H (for the $1-a-day threshold) against GDP per capita. The first is that absolute poverty incidence decreases markedly with mean income, as one would expect. The simple correlation coefficient is -0.57
and statistically significant at the 1% level. Above a GNP per capita of approximately $15,000 p.a., this extreme kind of absolute poverty essentially vanishes. 15 In fact, dollar-a-day poverty is not even estimated for the high-income countries listed in Table 1 , and they are not included in Figure 2 . The second fact is that this relationship between mean income and poverty is not statistically "tight". The points in Figure 2 do not lie neatly along a specific curve or line. Below a per capita GDP of around $12,000, there is considerable variation in the incidence of extreme poverty for each level of mean income. In fact, at around $2,000, one can find countries with the same per capita income levels reporting poverty rates in a range from zero to 65%. Latent country-level heterogeneity may well be confounding the ability to detect the true relationship;
we will return to this point. However, as we will see in the next section, this heterogeneity in poverty levels conditional on mean incomes has a lot to do with between-country differences in the level of inequality.
To look at poverty trends over time, we resort to a longer time series than the one presented in Table 1 . Chen and Ravallion (2007) compile poverty indicators for 560 surveys from 100 countries (essentially the same sample of countries used by PovcalNet). Since poverty incidence at the $1-a-day threshold is effectively zero in high-income economies (which account for the main differences between the PovcalNet dataset and that presented in Table 1 ) we restrict our attention to the Chen-Ravallion sample of countries.
Tables 2 and 3 present the world and regional average poverty levels, both as incidence (H) and in absolute numbers of the poor for selected reference years spanning 1981-2004. Table   2 uses the $1-a-day poverty line, while Table 3 Table 2 ). The most pronounced decline was registered in East Asia (from 58% to 9%). South Asia came second, with a fall from 50% to 31%. At the other end of the spectrum, poverty incidence actually rose in ECA during the period of transition from socialism to market economies, though showing encouraging signs of progress since the late 1990s. In Sub-Saharan Africa, poverty was essentially the same in 2004 and 1981, having first grown during the 1980s, and then declined slowly since the late 1990s. Such a small decline in poverty rates, combined with a growing population, translates into a rise in the absolute number of people living in households below the $1-a-day poverty line, as can be seen from panel (b) in Table 2 . In fact, the number of poor people rose not only in Africa and Eastern
Europe and Central Asia, but also in Latin America, where economic stagnation and persistent inequality in the last decades prevented substantial progress against poverty. These regional trends in poverty reduction are summarized in Figure 3 below, which is also taken from Chen and Ravallion (2007) . The dominant role of poverty reduction in East Asia is immediately apparent.
Trends are somewhat more muted for the $2-a-day poverty line. Global incidence in the developing world fell from 67% to 48% (59% to 52% if China is excluded). Poverty also fell markedly in the Middle-East and North Africa (MENA), and South Asia, but doubled in ECA.
Because of population growth, the absolute number of poor people (under $2-a-day) rose in every region other than East Asia. Given a very substantial decline in East Asia, the world total grew only slightly, from 2.45 billion to 2.55 billion. This is in contrast to a decline in the absolute number of poor (under $1-a-day), from 1.47 billion to 0.97 billion in the same period.
See tables 2 and 3.
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The 1993 PPP exchange rates on which these calculations were based are known to have a number of problems. In particular, the two most populous countries, China and India, did not participate in the 1993 price surveys, so their PPPs are subject to larger margins of error. This will be corrected in the 2005 PPPs, in which both countries participated. The preliminary release of the new estimates at the time of writing indicate higher price levels in both China and India than implied by the 1993 PPPs, so the poverty rates in these two countries will rise relative to the rest of the developing world. Aggregate poverty counts will then rise, although the rates of aggregate progress over time will actually be higher than implied by Tables 2 and 3, given that India and (especially) China had high rates of poverty reduction over time. (Note that, while the new PPPs change the level comparisons, the real growth rates in a given country are unaffected.)
Global inequality
If constructing internationally comparable poverty measures is harder than computing comparable inequality measures (because the latter are scale-, and thus exchange-rate-invariant), aggregation into a single global measure is more difficult for inequality than for poverty.
Standard poverty measures are immediately decomposable by population subgroups and, therefore, easy to aggregate up from sub-groups. The numbers of poor can simply be added across countries, while poverty incidences and poverty gaps are first weighted by the country's population share and then summed. This simple procedure underlies the global poverty incidence and the global absolute numbers of the poor that are reported in the previous section.
The analogous procedure for inequality indices is more involved for two reasons. First, it has to contend with the fact that global inequality is not merely an aggregation of within-country inequalities. It also contains a component that corresponds to inequality between countries.
Second, once the world is treated as a single entity, with a well-defined distribution of living standards, then the scale in which each individual national distribution is expressed matters again. While PPP exchange rate calculations are not needed if one simply wants to compare national levels of inequality, they are crucial for the construction of a global inequality index.
By "global inequality" we shall mean inequality amongst all people of the world, ignoring where they live. This is calculated by combining the surveys from all the different countries (at the appropriate PPP exchange rates) into a single world distribution of income, and then computing inequality indices for this distribution. As long as the inequality index is additively decomposable (such as MLD), it will be possible to separate this overall measure into a component corresponding to inequality between countries, and one that aggregates the inequality within all the different countries. Only recently have household surveys been available for a sufficient number of countries for this approach to be feasible. Since then, this approach has become dominant among researchers interested in global interpersonal inequality-for the simple reason that it does not ignore inequality within countries.
The earlier literature contains two (simpler) approaches to measuring overall inequality in the world. The first takes each country as the relevant unit of observation, and computes inequality between these "country means". This is what Milanovic (2005) international inequality. Both of these approaches are unsatisfactory since they ignore inequality within countries, and capture only the between-country differences.
In the last few years, a number of studies have sought to quantify global inequality, and to investigate its dynamics. One of the most ambitious was a paper by Bourguignon and Morrisson (2002) , who constructed a time-series of world inequality estimates for the period from 1820 to 1992. For all but the last ten to twenty years of that series, disaggregated household survey data are not available for many countries. The authors thus grouped countries into 33
'blocks', the composition of which changed over time, depending on data availability (see Bourguignon and Morrisson, 2002, for details The main finding of the study is that world inequality rose almost continuously from the onset of the industrial revolution until the First World War. During that period, the world's Gini index rose from 0.50 to 0.61. Although inequality was also rising within most countries for which data were available, the real driving force for this increase in global disparity was inequality between countries, i.e., international inequality (see Figure 4 ).
Between the two World Wars, and until around 1950, a decline in within-country inequality was observed, but the rise in inequality across countries continued apace and proved to be the dominant force. 18 The world Gini index rose further to 0.64. From the middle of the twentieth century onwards, the rise of global inequality slowed, as Japan and parts of East Asia started growing faster than Europe and North America. This process became particularly pronounced after the take-off of China in the 1980s. Broadly speaking, global inequality changes in the second half of the last century are much less significant than in the 130 years that preceded 17 Given the long-run perspective of this exercise, however, it is likely that some of the problems associated with using means from the National Accounts had only limited importance. In particular, the estimated evolution of GDP per capita over such a long period is likely to be very strongly correlated with any measure of household welfare. 18 The increase in inter-country inequality between 1914 and 1950 took place during each of the two World Wars, and most markedly during the Second World War. The inter-war period properly defined actually saw a reduction in inter-country inequality. On the association between wars and rising international inequality, and between crises and its decline, both during this period and in 1890-1895, see Milanovic (2006) .
it: there was certainly a reduction in the rate of growth of inequality and, towards the end of the period, it actually started to decline.
When considering the last decades of the twentieth century, however, better and more comprehensive data are available, enabling researchers to work with approximations to the world income distribution based on (and only on) fully disaggregated household surveys. Looking at the second half of the century with these new data, three interesting regularities emerge. First, even as (unweighted) intercountry inequality continued to grow between 1950 and 2000, international inequality (when population weighted) began to fall. The disparate behavior in these two inequality concepts has been one of the reasons behind the discordant discourse on globalization and inequality. The continuing rise in intercountry inequality (to which Pritchett, 1997 , refers as "divergence, big time") was due largely to slow growth in most poor (and small) countries, relative to some middle-income and richer countries. The decline in international inequality, which refers to a population-weighted distribution, was due fundamentally to rapid growth in two large nations that started out very poor: China and, to a lesser extent, India. As Figure 5 suggests, once China and India are excluded from the international distribution, the post-1980 trend in that inequality concept changes dramatically, and becomes much closer to the rising trend in intercountry inequality.
The second regularity is that the last two decades in the twentieth century saw resumption in the upward trajectory of aggregate within-country inequality, defined as the contribution of within-country inequality to total inequality. The rise in within-country inequality prevented the decline in international inequality (which began, slowly, around the 1960s) from translating immediately into a decline in global inequality. Recall that global inequality is the sum of (appropriately aggregated) within-country inequality and international inequality. Indeed, Milanovic (2002 Milanovic ( , 2005 finds that global income inequality between people was still rising between 1988 and 1993, but appears to have fallen between 1993 and 1998. This is confirmed by World Bank (2005) , which extends Milanovic's data set by a couple of years.
The third regularity is that there are signs of inequality convergence over time, whereby inequality has a tendency to rise in low inequality countries, and fall in high inequality ones. This was first noticed by Bénabou (1996) , although his tests did not deal with the concern that the signs of convergence may stem solely from measurement error. Subsequent tests by Ravallion method that allows for classical measurement errors in the inequality data.
Bénabou interprets inequality convergence as an implication of a neoclassical growth model. Ravallion points instead to an explanation in terms of the policy and institutional convergence that has occurred in the world since about 1990. Low-inequality socialist economies have become more market-oriented, which has increased inequality. On the other hand, non-socialist economies have adopted market-friendly reforms. In some of these economies pre-reform controls benefited the rich, keeping inequality high (Brazil is an example), while in others the controls had the opposite effect, keeping inequality low (India is an example).
Thus liberalizing economic policy reforms can entail sizable redistribution between the poor and the rich, but in opposite directions in the two groups of countries. However, as Ravallion also notes, the process of convergence toward medium inequality implied by his finding is not particularly rapid, and it should not be forgotten that there are deviations from these trends, both over time and across countries.
The foregoing discussion has been about relative inequality. What about the competing concept of absolute inequality, which depends on the absolute gaps in levels of living between the "rich" and the "poor."? 19 As Figure 6 shows, the two concepts give rise to completely different trends for international inequality: whereas relative inequality measures (such as the 
The growth-poverty-inequality triangle
Given the negative correlation between mean incomes and inequality levels across countries that is illustrated in Figure 1 , it is not surprising that there is an even stronger correlation between mean incomes and poverty rates. Given the mathematical relationship that must always hold between mean income, poverty and inequality, the first correlation more or less automatically implies the second. To see why, we can assume (without loss of generality) that 21 See Deaton (2003) on the relationship between health outcomes and inequality more broadly. 22 See also Castello and Domenech (2002) on international inequality in education.
the shape of the Lorenz curve can be fully captured by a vector of (functional form) parameters 
Equation (1) is an identity that relates the incidence of poverty at any given (real) poverty line to two aspects of the distribution: the mean μ and inequality or, more precisely, the Lorenz curve. From (1) it can be seen that the partial derivative of poverty with respect to the mean (holding the Lorenz curve parameters fixed) is always negative so that, if the poverty line is fixed and inequality is constant, poverty must fall as the mean rises. 24 In the scatter-plot of Figure 2 , the poverty line is the same across all countries. If Lorenz curves did not differ systematically with GDP per capita, poverty should be lower as GDP rises:. This association is only strengthened by the negative correlation between GDP and inequality levels in the cross section: higher income levels are associated with lower poverty both because of the direct effect of a higher mean at a given Lorenz curve, and because there exists an inverse empirical relationship between income levels and inequality.
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But the cross-country correlation between mean incomes and inequality need not be informative of the growth process of a particular country, since there may well be countryspecific idiosyncrasies that cloud temporal patterns in the cross-section. So, what happens to inequality as a particular country grows over time? The first careful attempt to answer that question, by Simon Kuznets (1955) , has become so influential that it still guides a great deal of thinking on the topic. Building on the Lewis (1954) model of development as a transfer of resources from a low-productivity, low-inequality sector (say, traditional agriculture) to a higher- 23 The quantile function is the inverse of the cumulative distribution function, p=F (y) . 24 This is a general result because the Lorenz curve is always (by construction) an increasing and convex function of the percentiles of the income distribution. 25 It is interesting to note that the negative correlation between GDP and inequality levels is much weaker if the sample is restricted to developing countries only.
productivity, higher inequality sector (say, manufacturing or modern commercial agriculture),
Kuznets hypothesized that inequality would rise during an initial phase of the process (as labor begins to move across sectors), and then eventually decline (as most workers are already in the modern sector, and the intersectoral gap loses significance). Kuznets found empirical support for this inverted-U inequality trajectory in the data he had available at the time, for the US, England and Germany. Some cross-sectional studies have found evidence consistent with an inverted-U relationship between inequality and mean income, and there is a hint of this relationship in Figure 1 in which we restrict the sample to developing countries and allow for the existence of country-level fixed effects, potentially correlated with mean income.) A small negative correlation (r=-0.15) is found in the data, which is insignificant at the 10% level. Among growing economies, inequality tends to rise as often as it falls. 27 Thus we have:
Stylized Fact 1: Economic growth tends to be distribution-neutral on average in developing countries, in that inequality increases about as often as it decreases in growing economies.
26 Following the most common specification in the literature on testing the Kuznets Hypothesis, we regressed the Gini index on a quadratic function of log GDP per capita using the data in Figure 1 . The coefficient on log GDP was positive and that on its squared value was negative, and both coefficients were significant at the 1% level. The turning point was within the range of the data. 27 Among economies experiencing contractions during the spells used by , inequality increases are somewhat more frequent than inequality reductions.
It is not then surprising that there is a strong correlation between growth rates and changes in absolute poverty. This is evident in Figure 7 , which plots the proportionate changes in the poverty rate (using the $1 a day line) against the growth rates in the survey mean; the correlation coefficient is -0.44 and the regression coefficient is -1.76 with a White standard error of 0.24; n=290 after trimming likely outliers due to measurement error. Thus we have:
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Stylized Fact 2: Measures of absolute poverty tend to fall with economic growth in developing countries.
In discussing Figure 2 we had noted that, although there is a clear negative correlation between GDP per capita and poverty levels, there is also considerable heterogeneity around the average relationship. Figure 7 shows that a similar relationship holds after we take proportional differences: growth in GDP is strongly associated with poverty reduction, but there is considerable variation in the size of the effect. An illustration is provided by Ravallion (2001) , who estimated a regression coefficient on a scatter-plot very much like that in Figure 7 . The 95% confidence interval on that coefficient implies that a 2% rate of growth in mean income (which is about the average rate for developing countries in the 1980s and 90s) will bring anything from a 1% to a 7% annual decline in poverty incidence.
Why are there such large differences across countries (and time-periods) in the impact of growth on poverty? Given equation (1), it is unsurprising that the answer has to do with inequality. Interestingly, though, it has to do both with the initial level of inequality (i.e. how unequal a country is before a given growth spell) and with changes in that level (i.e. on the "incidence" of economic growth). Taking the differential of (1) will yields two terms, 29 one of which accounts for the impact of changes in the mean (i.e. growth) holding the initial distribution constant while the other captures the change in the distribution (i.e. the Lorenz curve), holding the mean constant:
The first term is the growth component of poverty reduction, while the second term is the distributional component (the weighted sum of all changes in the distributional parameters).
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Given the convexity of the Lorenz curve, equation (2) For further discussion of this decomposition see Datt and Ravallion (1992) and Kakwani (1993) . 31 For an up-date see . 32 Period elasticities are smoothed by taking the simple average over two contiguous spells, and fifteen extreme elasticities (lower than -20 or above +20) are excluded.
inequality country-a Gini index of 0.60 (say)-it will take about 35 years to halve the initial poverty rate.
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A second mechanism though which inequality affects the impact of growth on poverty is through changes in inequality during the growth process. If the aggregate changes in the Lorenz curve in the second term of the RHS of (2) are poverty increasing then the effect of growth on poverty will be less than the partial effect, holding distribution constant. Figure 8 also suggests that changes in initial inequality have considerable empirical importance, since this (and measurement error) accounts for the spread around the regression line.
We can summarize these observations as:
Stylized Fact 3: The higher the initial level of inequality in a country or the greater the increase in inequality during the growth spell, the higher the rate of growth that is
needed to achieve any given (proportionate) rate of poverty reduction.
We can thus sum up the analysis of the empirical inter-relationships between growth, poverty and inequality as follows. Despite some evidence that this might have begun to change in the 1990s, the balance of the evidence for the last quarter century suggests that there is no systematic empirical relationship between economic growth rates and changes in inequality (Stylized Fact 1). Given the relationship that must hold between poverty, inequality and mean income in levels, Stylized Fact 1 implies that there must be a negative correlation between changes in poverty incidence and economic growth. This is indeed the case empirically: growth is good for the poor (Stylized Fact 2). But the relationship between mean income and poverty is mediated by the Lorenz curve, so that the power of growth to reduce poverty depends on inequality. In fact, that power tends to decline both with the initial level of inequality, and with increases in inequality during the growth process (Stylized Fact 3).
Exploring the economics behind these stylized facts
How can we go beyond the mathematical relationship between mean income, poverty and inequality to gain a deeper understanding the economic forces behind changes in inequality and poverty, and their relationship with aggregate growth? In this section, we review some of the insights from three branches of the literature that has tried to explore these determinants.
The first branch seeks to exploit spatial variation in the geographic and sectoral patterns of growth and in initial demographic and distributional conditions within countries to shed light on what makes growth more or less "pro-poor," i.e. to examine its incidence within a country. Datt and Ravallion (1998) and Ravallion and Datt (2002) for India, Ravallion and Chen (2006) and Montalvo and Ravallion (2008) for China, Ravallion and Lokshin (2007) for Indonesia, and Ferreira, Leite and Ravallion (2007) for Brazil all follow this approach. In essence, these studies compute a panel of poverty rates across states (or provinces) and over time, and regress the changes against sector-specific rates of growth in each spatial unit. Control variables typically include differences in initial conditions across state, including pre-sample differences in land or income inequality, literacy, and the like. There may also be time-varying state-level controls, such as changes in various types of public spending in each state.
These studies require relatively long series of repeated cross-section household surveys, and are easiest to conduct in large countries, where spatially disaggregated sub-samples retain statistical representativeness. Looking across the studies carried out so far, a few lessons emerge.
First, the sectoral composition of growth does seem to matter for poverty reduction. In all three countries, the growth elasticities of poverty reduction varied substantially and significantly across sectors. But the relative sector ranking varied across countries: agricultural growth was by far the most effective in reducing poverty in China, while growth in the services sector had a higher impact on poverty in Brazil and India. In all three countries, the effect of manufacturing growth on poverty reduction seemed to vary significantly across states, suggesting that diverse geographic, distributional or institutional conditions can affect the growth elasticity of poverty reduction, even within a single country.
It was generally found that less "initial" (i.e. pre-sample) inequality was associated with a greater effectiveness of growth in reducing poverty (as the previous section would suggest).
Greater literacy and better initial health conditions (often measured inversely by infant mortality rates) also help make growth more poverty-reducing. In India, about half of the range in longterm rates of poverty reduction across India's states (between the best performer, Kerala, and the worst one, Bihar) can be attributed to the difference in initial literacy rates (Datt and Ravallion, 1998) . The elasticity of poverty to non-farm economic growth in India was particularly sensitive to differences in human resource development (Ravallion and Datt, 2002) . In Brazil, one interesting finding was that a greater level of voice or "empowerment"-proxied by the rate of unionization more than ten years before the sample started-also raised the elasticity of poverty reduction with respect to growth (in manufacturing).
Other policies can also affect the pattern of distributional change (and thus of poverty reduction), even after one controls for differences in the pattern of growth. A repeated finding is that higher rates of inflation result in lower rates of poverty reduction (in Brazil, China and India). The Brazilian case study revealed two important changes in the policy environment which contributed to greater success against poverty: a dramatic reduction in the country's previously massive rate of inflation (in 1994), and a substantial increase in the amount of social security and social assistance payments, accompanied by some improvements in targeting, during the period
1988-2004.
A second branch of literature is even more micro-oriented, and takes the individual household, rather than a state or province, as the unit of observation. This approach is exemplified by the various chapters in Bourguignon et al. (2005) and can be thought of as a set of statistical decompositions of the growth incidence curve, as given by
it will be recalled that y(p) is the quantile function). 34 g(p) is the income growth rate at percentile p of the distribution (for example, g(0.5) is the growth rate of the median income). In these studies, a small set of models for key economic relationships-such as earnings regressions, participation equations, or education demand functions-is estimated for both the initial and terminal years of the period under study. Then various counterfactual income distributions can be simulated by importing sets of parameters from either date into the corresponding models for the other date. The spirit of the exercise follows that of Oaxaca (1973) and Blinder (1973) and the results, like the original Blinder-Oaxaca decomposition, are best interpreted as a statistical decomposition of changes in the distribution, rather than as measures of causal effects. 34 On the properties of the growth incidence curve see Ravallion and Chen (2003) . When making distributional comparisons over time, the growth incidence curve can be calculated from any two cross-sectional surveys (which do not need to be panel surveys, given the usual anonymity assumption). Alternatively, one of the two quantile functions can be a counterfactual distribution. It can also be shown that the changes in most commonly used poverty and inequality measures can also be written as functionals of the corresponding growth incidence curve, usually with weights that can be interpreted as the sensitivity of the particular measure to changes in the distribution at each percentile. This is particularly simple for the Watts index of poverty; it can be readily shown that the change in this index is given by the area under the growth incidence curve up to the headcount index of poverty (Ravallion and Chen, 2003) .
Nevertheless, some of the empirical regularities arising from the studies of Latin America and East Asia in Bourguignon et al. (2005) are quite interesting. First, the increase in the returns to schooling that accompanied rapid growth in countries like Taiwan (China) or Indonesia tended to contribute to increases in inequality. This effect was also present in countries that grew less rapidly, like Mexico, and is reminiscent of the so-called "Tinbergen Race" between increases in the demand for schooling (arising from technological progress) and the rising supply of skilled workers (brought about by expansions in the educational system). In most countries in the sample, the demand-side dominated, leading to increased earnings inequality; the only exceptions were Brazil and Colombia.
Greater earnings inequality often led to higher inequality in household incomes, but not
always. An interesting example is provided by Taiwan, where a marked increase in labor force participation by women led to a divergence between the earnings and income distributions.
While the entry of relatively skilled women into the labor force reduced earnings inequality (as they entered roughly in the middle of the distribution), it contributed to an increase in the dispersion of household incomes: most of these new workers were married to skilled men, and lived in households that were already relatively well-off. The importance of changes in labor force participation and occupational structure is not an isolated characteristic of the Taiwanese experience. In Brazil, too, between 1976 and 1996, a substantial increase in extreme poverty was associated primarily with an increase in unemployment, informality, and underemployment. In Indonesia, a large share of the overall increase in inequality was associated with large movements of labor away from wage employment (in agriculture) towards (predominantly urban) self-employment.
This approach also illustrates the ambiguous effect of rising levels of education on inequality. In Colombia, Indonesia and Mexico, substantial increases in the average level of schooling of the population did not lead to lower inequality. On the contrary, when one controls for the changes in returns, it seemed to be associated with higher inequality levels. This result was due to two effects: increases in the education stock that raised inequality in educational attainment itself (i.e. where most of the increase is accounted for by rises among the bettereducated), but also the fact that when returns to education are convex, even a distribution-neutral increase in schooling can lead to higher earnings inequality. Of course, educational expansions can offset this effect if they lower returns to schooling, but this is less likely to happen in countries experiencing sharp increases in demand for skills.
By its very nature, this generalized Blinder-Oaxaca approach is, in isolation, incapable of attributing the causal origin of any of these changes to specific exogenous or policy shocks. This is particularly true when broad policy changes, such as a large-scale liberalization of trade, or a permanent change in the exchange rate, are expected to have substantial general equilibrium effects, affecting many variables at the same time. Wide-ranging changes in tariffs, for instance, can affect the distribution of income or consumption through changes in consumer prices, changes in relative wage rates, and changes in employment levels across industries. All of these variables will be changing in the micro-simulations that generate counterfactual growth incidence curves, but which share of the changes is due to the trade liberalization policy is anyone's guess.
To address this point, a third branch of the literature has sought to combine macroeconomic or general equilibrium models with micro-simulations on household survey data.
Examples include Bourguignon, Robinson and Robilliard (2002) for the Indonesian crisis, Chen and Ravallion (2004b) for China's accession to the WTO, and Ferreira et al. (2003) for Brazil's devaluation in 1998-9. These models are still in their early, experimental phase, and are subject to the usual criticisms leveled against computable general equilibrium models (CGEs).
Nevertheless, when the model is run on a single household survey, and its predictions are checked against a separate, ex-post survey (as in the case of Brazil), its distributional prediction performance is superior to those of the previous generation of representative-agent CGEs.
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A common finding in these exercises concerns the importance of worker and employment flows across sectors, in response to shocks or policy changes that affect relative prices.
Developing country labor markets are often de facto very flexible (despite sometimes significant de jure rigidities), because of the existence of large informal sectors. When relative goods prices change in response to a change in the exchange rate (as in Brazil, in 1998) or policy change (as in China's accession to the WTO), different industries contract and expand in response, and workers to move across these sectors. 35 An intermediate approach seeks to identify the causal effects of policy changes econometrically, and then estimate their share within the different components of a micro-simulation-based decomposition. Ferreira, Leite and Wai-Poi. (2007) regress changes in wages and employment levels disaggregated by sectors on (arguably exogenous) changes in tariffs and exchange rates. These trade-mandated changes are then used to generate counterfactual growth incidence curves, which can be interpreted alongside other micro-simulation results.
Conclusions
Absolute poverty is clearly a bigger problem in developing countries-where over fourfifths of the world's population lives-than in developed ones. Virtually all of the one billion people subsisting on per capita incomes less than one dollar per day live in developing countries.
Perhaps more surprisingly, inequality is also a bigger problem in developing countries. Looking at the world as a whole, there is a clear negative correlation between average levels of inequality and the level of development, and all countries with really high income inequality-a Gini index of (say) 0.50 or higher-are developing economies.
However, the evidence from the available cross-section of developing countries suggests that there is little aggregate tendency for these inequality levels to fall with economic growth.
Although there are no developed countries today with inequality levels above a Gini index of 0.50, growth rates among developing countries are virtually uncorrelated with changes in inequality levels. This is our first stylized fact.
The absence of a robust cross-country correlation between changes in inequality and growth necessarily implies that there must be a strong negative correlation between growth and changes in poverty. This is confirmed empirically: on average, economies that grow faster reduce absolute poverty much more rapidly-our second stylized fact.
But this does not mean that policymakers in developing countries can ignore inequality.
There are a number of reasons why persistently high inequality is a concern. Two primary reasons were not discussed here, namely the fact that higher inequality may be ethically objectionable in its own right, and the possibility that greater inequality may generate certain inefficiencies that could actually reduce the future rate of economic growth. World Bank (2005) contains summary discussions of both points; on the second also see Voitchovsky (2008) . In this paper, we have focused on a third reason why persistent inequality may be undesirable in developing economies: the fact that, even for a given growth rate, inequality tends to reduce the growth elasticity of poverty reduction-our third stylized fact. Other things equal, one percentage point of growth leads to a smaller reduction in poverty in a very unequal country than in a less unequal one. And if inequality rises during the growth process, things are worse yet.
While these three stylized facts can be identified from a macro, cross-country perspective, an understanding of the economic factors behind changes in distribution (or behind the levels and incidence of growth) in developing countries requires a more microeconomic approach, which exploits differences in conditions within countries. Changes in income distribution respond to so many different stimuli-in a general equilibrium environment-that no single method has yet been developed to fully identify the causes of all observed changes.
Instead, researchers have relied on a variety of different approaches. Sub-national regression analysis (using geographical panel data) sheds light on the relative importance of sectoral growth patterns, and of initial differences in the distribution of land or human capital. Micro-simulation based decompositions of growth incidence curves can help us understand the relative roles of changes in household endowments; changes in returns to those endowments; and changes in participation and occupational choices. Finally, combining such micro-simulations with models capable to capturing the general equilibrium transmission of initial shocks can help us understand the distributional impact of broad, economy-wide policy changes.
As we move forward, more research is needed on all of these fronts, and in their integration. It is only from such research that we can hope to learn what enables some countries (such as Vietnam) to grow rapidly with little or no rise in inequality, and thus to enjoy dramatic rates of poverty reduction. The diversity of country experience has established that equitable growth is possible, and that it is particularly pro-poor. But much remains to be learned about both the general economic conditions and the policy context within which it is achievable. 1950 1952 1954 1956 1958 1960 1962 1964 1966 1968 1970 1972 1974 1976 1978 1980 1982 1984 1986 1988 1990 1992 1994 1996 1998 2000 
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